A field imaging system using low-cost digital video was evaluated for use on agricultural aircraft. The system uses a digital video (DV) camera, Global Positioning System (GPS), and Video Mapping System (VMS) 
pressures (Everitt et al., 1996) , and detection of plant diseases (Fletcher et al., 2001) .
To have potential for commercial aerial applicators, costs need to be kept reasonable, systems should be simple to operate, and turnaround of images for interpretation should be fast. We are configuring low-cost digital video, digital still, and multispectral cameras on agricultural aircraft and observed that many important field variables can be evaluated using systems that cost as little as $2000, which typically include a digital video camera, remote camera controls, and hardware for image georeferencing. Imaging with digital video has found utility for many of our research projects (Thomson and Bryson, 2001; Zimba and Thomson, 2002; Thomson and Sudbrink, 2004.) . Linden (2000) detailed the advantages and disadvantages of video-based aerial imaging systems customarily used in general aviation aircraft or helicopters for remote sensing in forestry applications. Since video runs continuously, there is no need to time exposures as would be necessary when using frame or digital cameras. We have used digital video to allow flights at very low altitude when great detail was required. This would not have been possible using remotely controlled frame or digital cameras because the required frame rate for capturing an entire scene would be difficult to obtain. From video, images can be captured at will and mosaicked using inexpensive software such as the PanaVue Image Assembler (PanaVue, Québec, Canada). For image georeferencing, systems such as the Red Hen Systems Video Mapping System (VMS) (Red Hen Systems, Fort Collins, Colo.) or Airborne Video Toolkit (DSL Consulting, Fort Collins, Colo.) allow videotape to be indexed for easy data retrieval or synchronized geographically with map displays.
A caveat for using video is that many video-based systems have limited image resolution, precluding their practical use at high altitudes. Flying the camera close to the ground allows I good feature resolution, but less of a field can be represented in a single pass of the airplane, requiring more over-flights. Mosaicking images can be time-consuming, and image distortions due to plane roll, tilt, and yaw can cause distortions, which may or may not be of great concern. Software is available to mosaic imperfect images using matching techniques and color balancing (Eickman, 2001) , or simple image stitching can be accomplished using shareware such as PanaVue. Optical filters can be used to allow band-pass in single wavelengths that supply the most information for feature discrimination. Since digital video requires low altitude operation for acceptable feature resolution, Unmanned Aerial Vehicles (UAV's) (Shoenung and Wegener, 1999; Simpson et al., 2003) or agricultural aircraft are preferable. The latter are highly maneuverable, built for operation at low altitudes, and convenient as the camera can essentially get a "free ride" in close proximity to or concurrent with aerial application operations.
A remote-sensing system for agricultural aircraft that uses digital video is described herein. Two practical applications are illustrated that describe use of digital video for successful acquisition and analysis of remotely sensed data. These applications include detection and discrimination of weeds using minimal processing and the detection of toxin-producing algae in catfish ponds. Image analysis results and simple statistics on raw digital numbers are presented.
MATERIALS AND METHODS

PILOT CONTROLS AND INSTRUMENTATION
An FAA-approved box and guide rail system was designed to house all data acquisition devices including the camera, video mapping system (VMS), and notebook computers or microloggers required for various studies (Smith, 1999) . A hand-held metal box was built to house a Sony RMT-814 infrared remote control for a Sony DCR-TRV103 digital video camera, used for imaging. This camera had 460,000 gross pixels and 290,000 effective pixels, giving 500-lines × 580-pixels resolution. Extra pixels on the CCD were used by camera electronics to compensate for both horizontal and vertical motion of the camera without image degradation, an important feature for our application.
A 10-cm (4-in.) monitor (EarthLCD, San Juan Capistrano, Calif.) was mounted in the pilot's line-of-sight for simultaneous monitoring of the ground image. A 3-mm OD single-strand optical cable was fed from the remote control to a clamp near the front of the video camera, directing light to the camera's IR sensor. The pilot pressed the button once to pause the camera and once to record images.
Early in the system's development, the video camera was activated at the beginning of flight and deactivated when landing. It was thus time consuming to find field areas of interest on videotape when post-processing, since only a portion of the tape contained these areas. The cockpit video monitor indicates continuous video to the pilot whether the camera is recording or paused. Therefore, we needed a method to signal the pilot when the camera was recording so only field areas of interest would be acquired. Current-sensing circuitry was designed to accomplish this task. The circuitry detected the slightly higher electrical current drawn when the camera was recording. This, in turn, activated an LED in the pilot's line of sight. A pictorial of imaging and georeferencing apparatus can be found in Thomson et al. (2002) . Details of the current-sensing circuitry can be found in Thomson and Alarcon (2001) .
Field georeferencing was accomplished using a dedicated Lowrance Airmap 100 GPS (Lowrance Electronics, Tulsa, Okla.), connected to the Red Hen Systems VMS. Several GPS units had been evaluated with the VMS , and the Lowrance unit combined versatility and ease of use with reasonable accuracy. The GPS sent data to the audio track of videotape via the VMS so images could later be associated with their positions if needed.
AERIAL IMAGING EXAMPLE: DETECTION OF WEEDS IN EARLY COTTON
The example presented herein illustrates detection of weeds in early cotton but does not examine all ramifications of weed detection under varying crop health, temporal, or atmospheric conditions. The discussion illustrates the use of images obtained from unfiltered digital video to distinguish broadleaf and grass weeds from early cotton.
For practical early-season weed control, fields should be screened as early in the season as possible. Thomson and Bryson (2001) compared several classification schemes for their potential in classifying weeds from airborne digital video. Although automated classification would ultimately be required for practical real-time use of an imaging system like this, an image analysis tool can narrow the possibilities for classification. In our application, supervised classification algorithms were used, and raw digital numbers (DNs, ranging from 0 to 255) corresponding roughly to the relative radiance of distinct features were compared. Image comparisons on a temporal basis would require scaling the image to account for differences in irradiance, but this was not done (or required) for the example illustrated herein. Figure 1 illustrates an RGB image obtained using digital video over cotton on 7 July 2000 at one of our research plots. The image was obtained from an approximate 54-m (177-ft) altitude, as determined by the Lowrance Airmap GPS. The image was 46 m (150 ft) across, by the height-to-distance factor of 0.85, previously determined for the camera. At 582 × 407 pixels, this corresponds to 7.9 cm/pixel across all bands. The image was cropped slightly to remove outside lanes and bias the image towards the center. Cross-track correction, which compensates for non-uniform illumination due to vignetting, was applied using the ENVI 3.4 Image Analysis software (Research Systems, 2000) . In this image, cotton in horizontal rows, patches of Johnsongrass (Sorghum halepense (L.) Pers.), and isolated or mixed patches of spotted spurge (Euphorbia maculata L.) and hyssop spurge (Euphorbia hyssopifolia L.) were the plants to be classified.
AERIAL IMAGING EXAMPLE: DETECTION OF TOXIN−PRODUCING ALGAE
A study was conducted to detect toxin-producing algae in catfish production ponds, located at the Stoneville, Mississippi research farms. Uneaten and excreted feed results in effusive growth of algae in ponds during much of the growing season. Cyanobacteria predominate algae within these ponds, and recent evidence has identified toxin-producing cyanobacteria as being capable of causing catfish mortalities (Zimba et al., 2001) . Our study was an attempt to correlate several pond constituents with pond images obtained using low-altitude digital video. Results presented herein illustrate correlation with chlorophyll a (chl a), a major constituent of algal pigments.
Eighteen 0.4-ha (1-acre) ponds, arranged in nine rows of two in a north-south direction, were sampled once per week between 1000 and 1200 hrs local time. Pond images were obtained at 460-m (1500-ft) altitude, and images were captured digitally from video. Image resolution was about 0.67 m/pixel using the same relationships described for the weed study.
Processing pond images required special procedures. Approximately 6 of the 18 ponds could be seen in any one image, but solar reflections were visible in all ponds except those at the bottom of a captured image. To avoid reflection problems in the final image composite, the videotape was advanced slowly so two adjacent ponds of interest would be at the bottom of the image, the only location in the image where sun reflections were not observed. Nine total images were obtained, and the bottom two ponds of each image were stitched to successive pairs using the PanaVue Image Assembler. The result was a reconstructed composite image of all 18 ponds ( fig. 2) . The green-band image was extracted and a gray-scale representation was analyzed using ENVI 3.4. In ENVI, 10 digital numbers at random locations close to the sampling point were obtained for each pond. These 10 values were averaged for a composite score for each pond.
Surface water samples were collected from each pond to quantify algal pigments, microcystin toxin content, and turbidity. Water samples were collected from each pond during 1000 and 1200 hours. Data were analyzed using correlation and regression analyses to identify within-date relationships. Further details on sample preparation and preliminary analysis of all pond constituents can be found in Zimba and Thomson (2002) .
RESULTS AND DISCUSSION
DETECTION OF WEEDS IN EARLY COTTON
Separating the three plant species (cotton, spurges, and Johnsongrass) was accomplished using supervised classification in ENVI. Supervised classification clusters pixels in a data set into classes corresponding to user-defined training classes. In this case, a raw (unfiltered) RGB image was analyzed.
Regions of interest (ROI) were specified on the image by assigning colors to known areas representing the three species. These ROI were used as training classes for supervised classification. To assist in selecting areas for ROI, ENVI's animation function was used to cycle between color bands of the RGB image. The objective here was to choose the band that showed the most contrast between recognizable features. The green band was chosen, and a gray scale image was then created from which ROI were chosen.
Two ENVI classification methods yielding good results are illustrated in figures 3a and 3b. Figure 3a illustrates results from the parallelepiped method. Parallelepiped or box classification is a simple logical rule-based algorithm. Decision boundaries form an n-dimensional parallelepiped in the image data space. This method classifies data within decision boundaries based upon a standard deviation threshold from the mean of each selected class (Research Systems, 2000) . In our case, a standard deviation of one was used. Figure 3b illustrates a rule image using the Mahalanobis distance classifier. More pixels appeared to be classified correctly according to ground and aerial observation ( fig. 1 ) using this method. This classification method is similar to a method that determines a value's "nearness" to values in the training set by its minimum distance to the mean vector of that set (Euclidean minimum distance). Instead of treating all values equally when calculating distance from the mean point, the Mahalanobis distance takes into account the distribution of points in the training group. It provides additional strength in that it considers inter-class variations in the training set (or covariance). All pixels are classified to the nearest ROI class unless the user specifies a distance threshold, in which case some pixels may be unclassified. For generation of figure 3b, a distance threshold of 15 was used. The Mahalanobis Distance classification scheme using the distance threshold provided a very good representation of actual weed distribution when compared subjectively with ground observations. Ground truthing to quantitatively evaluate classification results was hindered by the difficulty of counting individual weeds in patches. Although large patches of Johnsongrass could be georeferenced, spurge weeds in patches were too numerous to count in our test field. Therefore, a simple method was developed with the help of image analysis software that permitted linkage and comparison of a classified image with the original RGB image (the groundtruth image). Weed types were easily identifiable in the RGB image and from notes taken by field observation. In ENVI, the original RGB image ( fig. 1 ) was loaded in one display and the classified image ( fig. 3b) in another display. The displays were linked so that a cursor click would toggle between images in a single display. A three-row section plus two furrows of the RGB image illustrated in figure 1 were sampled. Each row or furrow was sampled every 20 pixels down a row horizontally for twenty samples (100 total samples). The cursor was placed at a pixel location on the RGB image and the plant was identified. Then, the image was toggled and the corresponding color on the Mahalanobis Distance classified image was noted. Results are reported in terms of percent correct classifications and misclassifications (table 1) .
Most misclassifications for cotton resulted from cotton being lumped with the unclassified areas. Figure 3b shows these areas as gaps within the rows of cotton. Separability between cotton and spurges was very good as only 11% of spurges were classified as cotton and 3% of cotton was classified as spurges. It should also be noted that further optimization of parameters for any classification method can further improve results.
To complement weed classification results, table 2 illustrates statistics on the average of 10 digital numbers corresponding to the three plant species. These were obtained from the green-band image. Separability of mean values is apparent from these numbers, but some overlap also exists. The high standard deviation for Johnsongrass was due to pronounced bidirectional effects not necessarily related to the radiance of Johnsongrass (Thomson and Bryson, 2001) . Bidirectional effects are the result of anisotropic properties of plants, which are a function of sun and observation angles. These effects can be compensated for and modeled (Moran et al., 1996) , but they might also be used to help classify certain green plants under known conditions.
DETECTION OF TOXIN-PRODUCING ALGAE
Multiple regression analyses were used to identify independent variables accounting for variance in digital numbers generated by each aerial over-flight (Zimba and Thomson, 2002) . Chlorophyll was consistently identified as the variable accounting for most variance in over-flight data. Less variance was attributed to carotenoids or turbidity and neither of these two variables met the P = 0.05 selection criteria for inclusion. Figures 4a and 4b illustrate inverse relationships between chl a and green-band digital numbers. Most chl a concentrations were below 200 ng/mL, although four points in the lower DN ranges registered higher concentrations on 18 July and three points registered higher on 25 July. Data scatter appeared to be greater at low DNs.
Although regressions (with all data included) were statistically significant (p < 0.05), the inverse relationships were not strong (r = 0.55, r = 0.56, respectively). The inverse relationships are opposite to similar relationships published to date using spectroradiometer data. In a study by Gitelson et al. (1999) , only Pyrrophyte algae showed a similar inverse relationship out of four algal phyla tested. However, dinoflaggelate (Pyrrophyte) blooms were not prevalent in our ponds. Heterogeneities evident within ponds and around water sampling locations could account for some of the differences.
SYSTEM AND ANALYSIS CONSIDERATIONS
Our early investigations of weed discrimination used a near-infrared (NIR) filter on the video camera, because the largest differences in reflectance between plants seemed to be prevalent in the NIR wavelengths (Thomson and Alarcon, 2001) . Near-infrared images were obtained for our weed study, but classification results were inconsistent. There are two possible reasons for this: first, the camera was operated in auto-exposure mode for both unfiltered and NIR-filtered runs, and we believe image saturation was taking place, making differences difficult to detect. A manual exposure with smaller aperture might have alleviated image saturation and permitted within-image comparisons. Secondly, standard spectroradiometer plots have shown greater absolute differences in NIR reflectance between green plants (Brown et al., 1994; Meyer et al., 1997; Thomson and Alarcon, 2001 ), but closer examination of data revealed that percentage differences in relative reflectance were frequently greater in the green band.
Our method for assembling images worked well for low altitude images of our research plots, but the quantity of images required for a mosaic could be problematic over large fields and ponds that frequently span >400 m. A 3-CCD DV camera has since been purchased to permit acquisition of high-resolution images (Panasonic, 2005) . This has allowed higher altitude flights and fewer images to assemble for creating a full mosaic. Use of high resolution cameras and component miniaturization should further enhance the acceptability of agricultural aircraft as an alternative platform for remote sensing.
Vegetation indices that use two or more bands of a multispectral image are required for detection of many field variables such as crop vigor. These indices use mathematical band combinations to enhance detection and separability of features (Jackson et al., 1983) . Derivation of these indices could be problematic for a system like digital video, since re-sizing and matching multiple filtered images would be required. Using the digital video system, Normalized Difference Vegetation Index (NDVI) has been estimated using separate red-and NIR-filtered images (Thomson and Sudbrink, 2004) , but no attempt has been made to verify accuracy against ground-truth data. An area-scan digital system with multiple cameras (Everitt et al., 1995) or a single camera such as the DuncanTech MS3100 color-infrared (CIR) (Redlake, San Diego, Calif.) are more appropriate for multiple band applications. Use of systems like these for determination of crop vigor and nutrient stress will be reported in the future.
SUMMARY AND CONCLUSIONS
The feasibility of using digital video on agricultural aircraft for remote sensing was investigated. Pilot controls and instrumentation were described and examples of the system's use for weed detection in early cotton and detection of toxin-producing algae in catfish ponds were illustrated.
Based on results, the following conclusions can be made: S Spurge weeds were distinguishable from early cotton and Johnsongrass using the digital video-based imaging system and supervised image classification. Results comparing a Mahalanobis Distance-classified image with the raw RGB image indicated cotton, spurge, and Johnsongrass correctly classified with 73%, 67%, and 82% accuracy, respectively. S Differences in toxin-producing algae across ponds were detectable using the digital video-based imaging system. Statistically significant relationships were obtained between image-derived digital numbers and chl a, obtained from pond sampling on two different dates (r = 0.55; r = 0.56, respectively). S Remote camera controls and camera status monitor worked well on the airplane and greatly facilitated our ability to locate images of interest for post-processing. S Low-cost image assembly software supplied a fast method for mosaicking images obtained at low altitude for analysis. Approximately 100 images could be assembled in a single day using automatic stitching from common tie points specified on each image. Use of the software now needs to be judged for its effect on overall accuracy in image georeferencing.
